ABSTRACT This paper introduces the structural characteristics of a 6-D force sensor based on an E-type membrane, analyzes the calibration results of each bridge, and determines the coupling relationship between bridges of a sensor. In the case that a sensor has no fault in its bridges, a decoupling matrix is calculated by identifying a linear decoupling model. In the case that the fault happens, a linear neural network method is used to discard the faulty bridge to calculate the reduced-dimensional decoupling matrix, and the BP neural network nonlinear method is used to compensate the faulty bridge signal for fault-tolerant decoupling. Simulation results indicate that the reliability of the sensor under the fault condition has been significantly improved.
I. INTRODUCTION
Multi-dimensional force sensors are widely used in robot arms, manipulators, wheel force measurements [1] - [3] and other fields, since the measurement accuracy and reliability is the fundamental factor that leads to acceptable control performance. When a sensor fault occurs, it is difficult to replace or repair the sensor in a timely manner in order to avoid serious loss to the entire system. In this case, multidimensional forces sensors are required to be continually working, which needs fully consideration of good robustness from the beginning of design. Basically, when a measuring bridge of a multi-dimensional force sensor is faulty, the sensor can compensate for the faulty bridge through the output signal of another bridge, so the system can continue to work within an acceptable range of error.
At present, most existing results on fault-tolerance sensing methods can be summarized as two types. The first one is to design redundant structure on hardware [4] - [8] . Tsuji and Hanyu [4] proposed a redundant sensor model with three sensors arranged in a distributed manner and realized the capability of fault-tolerant measurements. Yao et al. [5] - [7] proposed a pre-stressed parallel structure six-component force sensor with modified spherical pairs.
Using the forward and inverse mappings of all available measurement models, the sensor can diagnose faults which can be verified with a tracking task. Yan et al. [8] studied the fault tolerance approach for a parallel manipulator and proposed an approach to fault tolerance driving using the multiplicity of the torque distribution in a redundant actuated parallel manipulator. The other type of force sensor fault-tolerance research is to design an appropriate fault-tolerant algorithm. Ding et al. [9] proposed the PCA algorithm for fault diagnosis and data reconstruction of the sensor. Zhu et al. [10] analyzed the filter coefficients and error signal and applied FIR filter outputs instead of the fault sensor signal, realizing senor fault-tolerance control. Chen and You [11] presented a novel real-time fault compensation method, where state estimation and compensation techniques are essential. Sliding mode control is an efficient nonlinear method, that shows strong robustness [12] - [14] . Li et al. [15] investigated the problem of fault detection Filtering for nonhomogeneous Markovian jump systems using a fuzzy approach. Wu et al. [16] designed a fault detection for a complex networked jump system, which is applied to an industrial nonisothermal continuously stirred tank reactor under realistic network conditions. Yao et al. [7] introduced a fault-tolerant method for six-dimensional force sensors, where they changed the original structure of the sensor was made more complicated. To the authors' best knowledge, this work is among the first very few research on studying the inherent coupling relationship between the sensor bridges, without changing the structure of the sensor.
In this paper, a six-dimensional force sensor based on an E-type membrane is examined through analysis of the sensor structure and the calibration result. The main contributions of this work can be summarized as follows:
• The strength of coupling relationship between the sensor bridges is illustrated;
• The method of the calculating the reduced dimension decoupling matrix by linear fault-tolerant is presented and;
• A fault-tolerant decoupling method of BP neural network is presented. The remainder of this paper is structured as follows: In section II, the E-type membrane structure of the sensor is analyzed. Section III gives the linear decoupling method of the sensor under normal conditions. Section IV introduces calibration steps and calibration results. Besides, the coupling relationship of the sensor is analyzed. Section V presents a linear method and a nonlinear method for fault-tolerant decoupling. Section VI concludes. Figure 1 shows the structure of a six-dimensional force sensor based on an E-type membrane [17] . The external load connects with the sensor through the threaded port of the upper load-transmitting circular loop, four lamellae connect the upper E-type membrane and central hollow cylinder, and upper E-type membrane that connects with the lower E-type membrane through the central hollow cylinder. The upper E-type membrane measures the torque (Mx, My), the lamellae measure the torque in the normal axis (Mz), and the lower E-type membrane measures the force (Fx, Fy, Fz). In this structure, since the strain gauges for measuring the bridge signals are not completely orthogonal with each other, there is a coupling relationship between each sensor bridge. This occurs especially when Mx(My) is applied on the upper E-type membrane, so Fy(Fx) is generated on the lower E-type membrane. The decoupling algorithm can be improved based on the existing coupling relationship; when the sensor bridge is faulty, structural redundancy is used to ensure that the error of the faulty sensor will not be greater than 2% F.S. (Full Scale), which is permitted in practice.
II. SIX-DIMENSIONAL FORCE SENSOR STRUCTURE

III. LINEAR DECOUPLING METHOD OF THE SENSOR
Decoupling of the six-dimensional force sensor is used to obtain the linear relationship between the output voltage of each dimension of the sensor and the force applied on the sensor, which can be expressed as follows:
where (1), the calibration matrix is:
Generally, the calibration matrix is calculated through optimization algorithms, such as Cramer's rule, the least square method, a liner neural network [18] . A liner neural network is used in this study to calculate the matrix. First, an untrained linear neural network is established as follows:
where P denotes the minimax matrix of the input elements, S represents the number of neurons in the output layer, ID represents the input delay vector with a default value of 0, and LR is the learning speed with a default value of 0.01. Then, U is used as the input vector, F is used as the output vector, and the following network is trained:
Finally, the weight vector matrix, or the calibration matrix C is obtained.
IV. CALIBRATION RESULTS AND COUPLING ANALYSIS OF THE SENSOR
In order to obtain two vectors U and F in Eq. 4, the sensor needs to be calibrated. In the following we describe the calibration procedure and also calibration device used in the experiment.
The force/torque of a six-dimensional force sensor is divided into 5 -7 intervals over the full scale; for each bridge, a force is applied increasingly, and five groups of output voltage and the corresponding force/torque values of each load point are recorded. At the maximum load, the force is unloaded decreasingly and similarly five groups of output voltage and the corresponding force/torque value of each unload points are recorded. For the opposite direction of the force/torque of the sensor, the same calibration method is used. The six bridges are calibrated sequentially according to the steps described above, with each step repeated in triplicate. The experiment platform of a static calibration device is shown in Figure 2 Finally, the calibration matrix C is obtained using the linear decoupling method (5), shown in the bellow page.
The force/torque of the six-dimensional force sensor can be decoupled in real time using the calibration matrix and Formula (1). By using filtering methods, the sensor error can be controlled at less than 0.1% F.S. in practice. respectively. So a strong coupling relationship exists between Fx and My, and Fx has a weak coupling relationship with other components due to their slopes lower than 0.1. Similarly, when the Y-direction is calibrated, the calibration curve of Fy is similar to Fx, where the output value of Mx is greater than the other bridge but less than Fy. Figure 4 (a) only shows half calibration procedure of Fz, because the force is only applied in the positive direction due to the limitations of the calibration device. Since the strain gauges that detect Fx, Fy are attached to the plane which is parallel to that the strain gauges for Mx and My are attached, when the force is applied on the Z-direction of the sensor, the output voltage values of Fx, Fy, Mx, and My should be in the same range as a regular change. However, as shown in Figure 4(a) , the maximum output voltage of Fx (77 mV) which is slightly larger than that of Fy, Mx and My. The sensor is affected by the processing technology and location of the strain gauge patch, so there is non-ignorable resulting error in the Fx bridge.
From Figure There is a symmetrical relationship between Mx and My in structure, therefore, the calibration curve of My is similar to Mx. Figure 6 (a) shows calibration process of Mz; the output voltage maximum value of the Mz is 1197 mV, and the maximum values of the other five bridges are less than 10 mV. As is shown in Figure 6 (b), the changes in these curves are irregular; it can be approximated that the maximum slope of line is less than 10/1400=0.007, so Mz has no coupling with other five bridges.
V. FAULT-TOLERANT DECOUPLING METHOD OF THE SENSOR
It is observed that there are some coupling relationships between the sensor bridges. A reasonable redundancy faulttolerance method can be designed to solve the faulty sensor measurement. In this section, two methods are described to address the problem of fault-tolerance.
A. FAULT-TOLERANT PERFORMANCE OF THE LINEAR DECOUPLING METHOD
When a sensor bridge fault happens, the common practice is to discard the faulty bridge and calculate the 
According to the new C Fy , the decoupling results of the residual five forces/torque are calculated, and the measurement errors of the Fy, Fz, Mx, My and Mz are 0.53% F.S., 0.72% F.S., 0.38% F.S., 2.45% F.S., 0.79% F.S., respectively. Similarly, a new decoupling matrix of the other five bridge faults can also be obtained by this method. Table 1 shows the error results. From Table 1 , the errors of the other five bridge measurements have different degrees of expansion, especially when the faulty bridge is Mx (My) and the errors of Fy (Fx) is large. Although the reduced precision results can be obtained using the reduced-dimensional matrix, but the linear decoupling method cannot compensate for the damaged bridge by the residual force/torque signals.
B. FAULT-TOLERANT PERFORMANCE OF THE NONLINEAR DECOUPLING METHOD
According to the calibration results, obvious redundant information exists in the six bridges of the sensor and there is a strong coupling relationship between some bridges. Theoretically, the nonlinear model can use the redundant information to improve the fault-tolerance of the sensor [19] , [20] .
The Back Propagation Neural Network (BPNN) is a multilayer feed-forward neural network that consists of an input layer, one or more hidden layers, and an output layer. It can realize arbitrary nonlinear mapping and has a good fault tolerance. Figure 7 shows the BPNN model of a faulty bridge sensor. The input is the sensor measurement without the faulty bridge, U = [U 1 , U 2 , . . . , U 5 ] T , which is a 5-dimensional voltage vector, the output is the corresponding six-dimensional force F = [Fx, Fy, Fz, Mx, My, Mz] T , and α and β represent the input of the hidden layer and output layer, respectively. V represents the weights between the input layer and hidden layer. W represents the weights between the hidden layer and output layer, b1 and b2 represent the biases of the hidden layer and output layer, respectively. Y a represents the outputs of the hidden layer, m represents the nodes number of the hidden layers. In this model, the sigmoid function is used as the hidden layer neuron function, so Y can be expressed as follows:
The linear function is used as the output layer neuron function, so F can be expressed as follows:
The gradient descent method and error back propagation are used to change the weights. When the error is larger than the target value, the weights and biases of the output layer are changed according to the following Formula:
where η represents the learning rate, 0 < η < 1. δ ji represents the training error of the output layer, t j represents the target output value, and f 2 represents the first derivative of the hidden layer neuron function. Similarly, the weights and biases of the hidden layer are changed according to the following Formula: where γ ji represents the training error of the hidden layer, and f 1 represents the first derivative of the hidden layer neuron function.
In the experiments, 5000 training samples and 500 testing samples are used. When a Fx bridge fault occurs, U = [U Fy , U Fz , U Mx , U My , U Mz ] T is used as the input vector of the BPNN. Table 2 shows the training performance with different numbers of hidden layer nodes. The results indicate that the hidden nodes have a significant effect on the training results, the mean squared error (MSE) decreases with the increase of the hidden nodes. When the number of hidden nodes exceeds 20, the MSE increased. In particular, the training time increased significantly. Therefore, the optimal number of hidden layer nodes in this experiment was set as 20. 1000 iterations, the MSE is 0.0024, which is close to the target value of 0.001. After that, the test samples were faulttolerated by the trained BPNN model. Figure 8 (b) shows the errors of 100 samples that were randomly selected from 500 testing samples. It can be seen that when a Fx bridge fault occurs, the maximum measurement errors of the Fx, Fy, Fz, Mx, My and Mz are 1.72% F.S., 0.34% F.S., 0.15% F.S., 0.13% F.S., 0.30% F.S., 0.11% F.S., respectively. The errors of fault-tolerant decoupling by using BPNN are not great than 2% F.S., which suggests that this method is suitable for fault-tolerant decoupling in case that a Fx bridge fault occurs.
Similarly, when the other bridge of the sensor is faulty, the results decoupled by BPNN are shown in Table 3 . From Table 3 , when a Fx, Fy, Mx or My bridge fault occurs, the errors of the other five bridges are less than 1% F.S. and the error of the faulty bridge is less than 2% F.S., which satisfies the requirements. When one of these four bridges fault occurs, such as Fx, the fault-tolerance error of Fx is greater than the error of Fy and Fz, and the error of My is greater than Mx and Mz. This is a result of the strong coupling relationship between Fx and My, as well as between Fy and Mx. When a fault occurs in one of these four bridges, the corresponding bridges will compensate for it. Besides, the accuracy of these corresponding bridges is decreased due to the effects of the faulty bridge.
When a Fz bridge fault occurs, the error of Fz is slightly greater than 2% F.S. as there is only a weak coupling relationship between Fz and Fx, Fy.
When a Mz bridge fault occurs, the error of Mz is far more than the normal condition since there is no coupling relationship between Mz and the other five bridges. Therefore, the Mz bridge cannot be used in this situation.
Compared with Table 1 , when one of the bridges of the Fx, Fy, Fz, Mx and My fault, the most measurement errors obtained by using BPNN are lower than that obtained by linear method.
The results described suggest that the coupling relationship can improve the accuracy of fault-tolerant decoupling, and the fault-tolerant decoupling performance of BPNN is better than that of the linear decoupling method.
VI. CONCLUSION
In this paper, the structure of an E-type membrane sixdimensional force sensor is analyzed and the calibration results are discussed. The redundancy of each sensor bridge is analyzed. It is concluded that a strong coupling relationship exists between Fx and My, as well as Fy and Mx; and a weak coupling relationship exists between Fz and other four bridges except Mz. There is no coupling relationship between Mz and other bridges. A decoupling matrix is calculated by identifying a linear decoupling model during a sensor bridge without fault. In the case that a fault happens with the sensor, decoupling is conducted using the linear method and a BP neural network nonlinear method.
The results show that when a sensor bridge fault occurs, the performances of the two methods are as follows:
1) The faulty bridge is discarded and the signal of this bridge is not compensated for. Then, the linear method is used to calculate the reduced-dimensional decoupling matrix in which the error is less than 1.5% F.S., except for Mz. 2) In addition to Mz, when the other five bridges fault, the BP neural network nonlinear method is used to compensate for the faulty bridge signal for faulttolerant decoupling. Most of the sensor decoupling errors are no greater than 2% F.S., and the overall performance is better than the linear method. At present, this paper does not modify the strain gauge of the six-dimensional force sensor based on the E-type membrane. The next study step is to optimize the structure and increase coupling between the Mz bridge and other bridges to improve the overall fault-tolerance of the sensor. 
